Due to limited water resources and the increasing demand for agricultural products, it is significantly important to operate surface water reservoirs optimally, especially those located in arid and semi-arid regions. This paper investigates uncertainty-based optimal operation of a multi-purpose water reservoir system by using four optimization models. The models include dynamic programming (DP), stochastic DP (SDP) with inflow classification (SDP/Class), SDP with inflow scenarios (SDP/Scenario), and sampling SDP (SSDP) with historical scenarios (SSDP/Hist). The performance of the models was tested in Zayandeh-Rud Reservoir system in Iran by evaluating how their release policies perform in a simulation phase. While the SDP approaches were better than the DP approach, the SSDP/Hist model outperformed the other SDP models. We also assessed the effect of ensemble streamflow predictions (ESPs) that were generated by artificial neural networks on the performance of SSDP/Hist. Application of the models to the Zayandeh-Rud case study demonstrated that SSDP in combination with ESPs and the K-means technique, which was used to cluster a large number of ESPs, could be a promising approach for real-time reservoir operation.
INTRODUCTION
Optimal operation of surface water reservoirs is of great importance due to inadequate water resources and frequent droughts. Reservoir operation is about setting releases from a reservoir in different time steps to meet some predefined operational objectives. Reservoir operators must constantly decide on the amount to be released or stored to meet present or future demands. The problem becomes more complicated in presence of uncertainties about future inflows and demands (Kim et al. ) . Figure 2 shows the location of the study area and the irrigation units. For all DP and SDP models, reservoir capacity was discretized into 10 storage indices using the Savaransky scheme with a good converging property (Doran ).
MATERIALS AND METHODS

Study area
The release from the reservoir was also discretized into 20 discrete points. Historical time series of inflow data for a period of 24 years from 1981-1982 to 2004-2005 were used to derive optimal operation policies. While the seasonal long-term average streamflows were used in deterministic DP, SDP/Class fitted the log-normal distribution to seasonal historical flows. The resulting conditional distributions were discretized then into five class intervals. 
Formulation of optimization models
This section presents the general formulation of the optimization model for reservoir operation which includes objective function and constraints as well as some explanations of various DP-based methods.
Objective function
The objective function of the optimization model is to minimize the shortages occurring in supplying water to domestic, environmental, industrial, agricultural, and hydropower demands. The shortage in hydropower generation is defined as the difference between a desired dependable energy and the produced energy when it is less than the desired one. Therefore, the model's objective function, which is defined as the sum of one-period immediate cost functions, cost t , can be stated as follows:
where t ¼ index for season or month
and environmental (DIE) demands all in period t, 
Constraints
The state of the reservoir system in the next stage resulting from a particular decision in the present stage is calculated based on the reservoir storage mass balance equation
The lower and upper bounds on reservoir storage and release as well as the upper bound on energy production (E max ¼ Icap × nhours) can be stated as follows:
where S t =S tþ1 ¼ reservoir storage levels at the beginning/end of period t, Q t ¼ inflow to reservoir in period t, S min ¼ reservoir's minimum storage level, S max ¼ reservoir's maximum storage level, e(S tþ1 , S t ) ¼ evaporation loss in period t, Icap ¼ power plant's installed capacity, and nhours ¼ number of hourly time steps in period t.
It is worth mentioning that the constraint placed to meet the DIE demands with the highest priority (Equation (6) 
DP. DP is an optimization technique which is consistent
with the sequential decision-making nature of reservoir operations (Yeh ) . In this approach, the operation time horizon is divided into a number of stages (t). The state of the system at each stage t may be described by the reservoir storage (S t ). For each stage and state, a release of water (R t ) is determined so as to minimize the sum of the immediate cost function, cos t t (S t , Q t , R t ), and the futurevalue or cost-to-go function, f tþ1 (S tþ1 ). Note that the FVF depends on the state of the system at the beginning of the next stage, S tþ1 . Taking advantage of the form of the objective function (Equation (1) 
where f n t (S t ) is the optimal return (cost) from beginning of period t to the end of operation horizon with n periods remaining, and the reservoir storage is at state S t . Note that while t ¼ 1, . . . , T is cyclic and is repeated every year, n is associated with the total number of periods (stages) remaining.
Equation (8) 
where P t [Q tþ1 jQ t ] is the inflow transition probability of period/season t ¼ 1, . . . , T and other variables and functions are defined previously. The state space is twodimensional with S t and Q t as state variables. In fact, a favorite feature of the SDP model is its potential capability of incorporating hydrologic state variables into the model formulation by which the spatio-temporal correlations among streamflows are captured.
In the above formulation as t ¼ 1, . . . , T is cyclic, the transition probabilities P t [Q tþ1 jQ t ] are cyclic too. Similar to Equation (8), the recursive Eq. (9) is solved for all of the discrete values of state (S t and Q t ) and decision (R t ) variables over a number of cycles until it reaches the steady-state conditions. This means that besides S t , Q t is also discretized into a number of class intervals and the transition probabil- 
where t ¼ time period or stage starting from 1 to final period T, i ¼ an index for streamflow scenario (i ¼ 1, . . . , m) with a length equal to T, and Q t (i) ¼ inflow to reservoir in period t for scenario i. Other functions and variables including cos t t (S t , Q t , R t ), S t and R t have already been defined. In this formulation, the hydrologic state of the system is represented by streamflow scenario i, which includes an entire history of the streamflow process rather than a single discrete level of streamflow. Note that j is the scenario following scenario i. The expected FVF is estimated based on the probability that the scenario i's streamflows are followed by those of scenario j in the next period (Faber & Stedinger ) .
To employ SDP/Scenario, one must specify the probability of the remainder of scenario j starting in period t þ 1 given scenario i in period t, i.e. P t [scenario jj scenario i]. To do so, one can use Bayes' theorem as presented in Equation In an effort to maintain streamflow persistence better, the optimal decision R t for each scenario is chosen according to Equation (12).
However, the FVF is updated for an intact scenario (Equation (13)). Therefore, the SSDP/Hist formulation is defined as follows (Faber & Stedinger ) :
where Q t (i) is the streamflow of scenario i in period t, i ¼ 1, . . . , m, and j is the streamflow scenario following scenario i. P t [jji] can be estimated by using Bayes' theorem (Equation (11) It is worth mentioning that all of the described models including DP, SDP/class, SDP/scenario, and SSDP/Hist provide an off-line solution in the form of feedback control/ release policies. In the following section, we demonstrate how we can use ANNs to generate synthetic ESP forecasts and integrate SSDP and ESPs for real-time reservoir operation.
Real-time operation: integration of ESP forecasts and SSDP.
The general idea of using ESP forecasts is similar to that proposed by Faber & Stedinger () , but with a clear distinction. In the current study, ANNs are used to generate monthly cumulative forecasts as the fundamental elements in ESP generation, rather than using a linear regression approach. Therefore, in the following paragraphs we present how ANN and K-means clustering techniques are employed to generate and select synthetic ESPs. Afterwards, we discuss the way that the selected ESPs are combined with SSDP for real-time reservoir operation.
First, we carried out a correlation analysis to select the most appropriate input variables for the ANN models.
Based on available data, the maximum, mean, and minimum temperature (Tmax, Tmean, Tmin), precipitation (R), and past inflows (Q) were selected as the most relevant input variables (predictors). Then, the next 1-month to 12-month cumulative inflows were forecast by using different
ANNs. The models were of three-layer feed-forward network type with a sigmoidal activation function trained by After generating cumulative inflow forecasts by ANNs, one can estimate the conditional probability of inflow forecast given the cumulative future inflow, P[QF t jY tþ1 ]. QF t is the cumulative inflow forecast made at period t and Y tþ1 (j)
represents the historical cumulative inflow from period t þ 1 to T (Faber ). Then, the probability of Y tþ1 (j) corresponding to scenario j given the inflow forecast QF t can be estimated by using Bayes' theorem as follows:
where 
Performance indices
To evaluate how well optimal policies perform in real-world situations, one should simulate the policies and estimate some performance indices such as temporal or volumetric reliability of meeting demands, mean annual shortage, and mean value of simulated objective function (MVSOF).
Reliability is defined as the percentage of time that the system operates without failure (Hashimoto et al. ) that may be calculated as follows:
where t is the index for month (t ¼ 1, . . . , T ); N is the number of years; D t is downstream demands; R t is release from the reservoir; Z t is an indicator equal to one when the demands are satisfied and zero otherwise. α t is the temporal reliability index which determines the relative number of time periods when the demands are met.
Volumetric reliability (α Q ) is expressed as the ratio between the total volume released and the total demand volume 
RESULTS AND DISCUSSION
Comparison analysis
To evaluate the performance of optimal policies derived from an optimization model in real-world situations, one should simulate the policies and determine the performance indices for comparing different policies. These indices can be estimated reliably if we are in a data-rich situation. On the other hand, historical streamflow data may not include enough extreme values, whereas extreme flows could significantly affect the resultant system performance. Therefore, we have synthetically generated a time series of streamflow whose size (length) is much larger than that of historical time series. This could help us better understand the differences between various DP-based models. Nevertheless, the data generated by a statistical model that fits best the historical data are not perfect in terms of modeling the correlation structure of historical streamflows. Consequently, we evaluate the system performance against both historical and synthetic data sets.
The first set is a 41-year historical streamflow time series from 1971-2011 named 41/Hist and the second one is a 100-year synthetically-generated streamflow using a firstorder auto-regressive (AR) model named 100/AR(1).
Before using AR models, the seasonality and trend nonstationary components were removed. In this regard, the Mann-Kendall test (Yue & Wang ) was used to determine if the trend component was significant. It was found that inflows of Oct., Dec., Jan., Aug. and Sep. had a significant trend at a 95% confidence level. Figure 3 shows the original and detrend flows for a sample month (Oct.).
Then, the lag numbers of detrend and deseasonalized monthly flows were determined based on the autocorrelation function (ACF) and partial ACF (PACF) and the appropriate lag number for each month was identified at a 95% confidence interval. For example, the ACF and PACF were significant for lag numbers up to 1 for October (Figure 4 ). Afterwards, a series of 100-year streamflows was generated and the removed seasonal and trend components were added back to the generated data. Eventually, checks were made to see if the statistical characteristics of the generated data match with those of the historical data. The effect of using re-optimization, rather than interpolation, was also investigated on the simulation results as presented in Figures 11 and 12 .
One can see from the figures that the use of re-optimization, compared to interpolation, has not led to a better performance. This is the main reason for only using the interpolation technique in the rest of the paper. Note that while doing re-optimization, the FVF still needs to be interpolated. It is worth mentioning that the outcome and efficiency of the re-optimization and interpolation techniques depend on the complex interaction of some factors including number of discrete values of state variables, type 
Impact of ANN forecasts on the SSDP/Hist model
In this section, we investigate the effect of cumulative forecasts on the performance of SSDP/Hist. In this regard, the historical inflows of scenario j were replaced by the cumulative inflow forecasts obtained by an ANN model. In other words, the probability function of P[QF t jY tþ1 ] was specified and used in the SSDP/Hist formulation where Y tþ1 (j) represents the historical cumulative inflow from period t þ 1 to T in scenario j, and QF t is a cumulative inflow forecast made at period t. The policies derived from this model, named SSDP/ANN hereafter, were simulated using the 41/Hist data set and interpolation technique. This is due to the long lead-time (12 months) for the forecast Figure 12 | Simulation results with and without using re-optimization based on the index of mean annual shortage. One can see in Table 5 Finally, it is notable that all computer codes developed for the optimization models benefitted from the two 
SUMMARY AND CONCLUSIONS
In this paper, we investigated the performance of dynamic programming (DP), stochastic DP (SDP), and sampling SDP (SSDP) in combination with ESPs for optimal operation of a multi-purpose water reservoir system. Four optimization models including DP, SDP with inflow class intervals (SDP/Class), SDP with inflow scenarios (SDP/scenario), and SSDP with historical scenarios (SSDP/Hist) were developed for monthly operation of the Zayandeh-Rud multi-purpose reservoir system. The models were compared by simulating their optimal policies using interpolation and re-optimization techniques.
While the SDP approaches performed better than the DP approach, the SSDP/Hist model outperformed the other SDP models.
The impact of inflow forecasts was also investigated on the performance of the best model (SSDP/Hist) by extending SSDP/Hist to SSDP/ANN, in which cumulative inflow forecasts were generated by ANNs. Moreover, we improved the performance of SSDP for real-time reservoir operation by combining the SSDP approach with ESPs, generated by ANNs, and the K-means clustering technique. We concluded that the proposed SSDP model in combination with ESP forecasts could provide a promising framework for real-time reservoir operation. 
